Fourier transfonn infrared photoacoustic spectroscopy (FTIR-PAS), a highly sensitive probe of the surfaces of solid substrates, is used to detect toxigenic fungal contamination in corn. Kernels of corn infected with mycotoxigenic fungi, such as Aspergillus flavus, display FTIR-PAS spectra that differ significantly from spectra of uninfected kernels. Photoacoustic infrared spectral features were identified, and an artificial neural network was trained to distinguish contaminated from uncontaminated corn by pattern recognition. Work is in progress to integrate epidemiological infonnation about cereal crop fungal disease into the pattern recognition program to produce a more knowledge-based, and hence more reliable and specific, technique. A model of a hierarchically organized expert system is proposed, using epidemiological factors such as corn variety, plant stress and susceptibility to infection, geographic location, weather, insect vectors, and handling and storage conditions, in addition to the analytical data, to predict A. flavus and other kinds of toxigenic fungal contamination that might be present in food grains.
ranging from acute liver toxicity to liver cancer. The most abundant of these, aflatoxin Bl> is known to be one of the most potent liver carcinogens yet discovered (17, 39) .
Fumonisins, from the ubiquitous F. moniliforme strains, have been shown to induce liver tumors and hyperplasia in esophageal cells of rats (8, 23) , and have also been implicated in human esophageal cancer (40, 41) . In addition to the health hazard, there is substantial economic loss when grain destined for either animal feed or export commodity markets is devalued due to mycotoxin contamination (27) .
To minimize the risk to human and animal health, and to reduce economic loss, grains are constantly under surveillance for mycotoxin contamination. A variety of chemical tests, surveys, and epidemiological studies are being con-* Author for correspondence. Tel: 309-681-6328; Fax: 309-681-6689.
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ducted to detect and identify mycotoxins present in grains, in an effort to prevent contaminated grain from entering the food and feed supply (3) . Chemical and physical methods are being developed to detoxify grain contaminated with mycotoxins (4, 5, 25, 26, 28, 30, 35) . However, the extent of detoxification by these methods under normal conditions may not be sufficient for an acceptable level of protection of food and feed grains. Therefore, early detection and identification of grains infected with mycotoxigenic fungi remains a high-priority challenge for investigators in a wide range of disciplines (1) such as mycology, biochemistry, toxicology, plant genetics, and also, as this report will show, spectroscopy and computer science.
Screening for mycotoxins in corn. Awareness of the health hazards posed by mycotoxins has led to the development of many chemical laboratory methods, such as highperformance liquid chromatography (HPLC) and the relatively new enzyme-linked immunosorbent assay (ELISA), that are used to screen corn samples for aflatoxins in laboratory as well as nonlaboratory situations (e.g., at grain elevators and other off-farm locations) (13, 48) . Despite the advantage of such methods for quantitative analyses, detection and identification of mycotoxins by chemical methods like HPLC or ELISA is at present inconvenient and impractical for routine production use.
The bright greenish yellow fluorescence (BGYF) test is an extremely facile method currently used throughout the corn industry to monitor corn for aflatoxin (37) . The BGYF test is based on the enzyme-activated fluorescence of kojic acid, a minor metabolite of A. jiavus, when infected corn is irradiated with ultraviolet light. However, it is a presumptive test used to visually identify questionable corn lots for further analyses by the more aflatoxin-specific HPLC and ELISA methods. If BGYF is the only criterion in deciding the presence or absence of aflatoxin, many false-positive tests and a few false-negative tests may occur (6, 36, 37, 46) .
Because mycotoxins may be present in corn in the absence of intact fungi (3), the present approach to safeguarding foods and feeds from mycotoxins involves two phases. First is the development of technology for detecting the presence of fungal infection per se in corn at the grain elevator, plant breeder laboratory, or elsewhere off farms. Second is the use of epidemiological knowledge and information about the origin and history of the corn crop to predict mycotoxin contamination levels.
Detection of fungal infection in corn by FTIRphotoacoustic spectroscopy. Spectroscopic methods are being explored at this laboratory to obtain measurements from surfaces of corn kernels for possible use by plant breeders developing corn hybrids resistant to A. flavus. Fourier transform infrared photoacoustic spectroscopy (FTIR-PAS), because of its inherently surface-profiling signal, is a sensitive detector of fungal infection on the surfaces of corn kernels (14, 15, 16) . In a recent study at this laboratory (12) it was observed that A. flavus displays typical infrared spectra which differ significantly from spectra of corn, and the FTIR-PAS spectra of infected corn were distinct from spectra of uninfected corn. In that blind study, corn kernels that had been classified as infected or not infected by the BGYF test were correctly and unambiguously classified by FTIR-PAS.
In earlier work (43) artificial neural networks and statistical pattern recognition of diffuse reflectance FTIR spectra were used to distinguish corn samples to which weighed amounts of senescent F. moniliforme had been added artificially. Infrared absorbance values at many wavenumbers spanning the peaks of interest were used as inputs to the neural network. The modest success obtained with those empirical neural networks prompted further research.
The goal of the present work was to integrate the salient spectral features identified in the previous effort into an artificial neural network specifically designed for pattern recognition of the FTIR-PAS spectra of corn by computer, and thus achieve automatic diagnosis of fungal infection per se. Because these features have a basis in fungal biochemistry, the resulting software would provide theoretically supported, rather than merely empirical, information to the neural network, which would then be more effective in distinguishing infected from uninfected corn.
The role of epidemiology. To establish the presence of a specific fungus, e.g., A. flavus versus F. moniliforme, the resulting neural network must also be combined with epidemiological information about crop disease and grain history. Environmental factors such as plant stress, humidity, temperature, and insect vectors profoundly influence the growth and development of mycotoxigenic fungi and the development of mycotoxins (45, 47) . This results in a very nonuniform and, in principle, predictable distribution of the risk of mycotoxicoses. Different fungal species respond differently to environmental factors, so it is possible to identify not only the potential for mycotoxin formation, but also the particular fungal species and mycotoxins that may be present. As part of this research a computer model of the factors that influence mycotoxin formation is being developed. It is expected that this model can be embedded in an expert system that accepts information about the crop and grain history, as well as spectral measurements, and determines the likely fungal infections and mycotoxin levels or recommends further analytical tests if needed. Implementation of such a knowledge-based paradigm will insure specificity as well as increase reliability of the FTIR-PAS technique for detection of A. flavus infection and potential aflatoxin contamination in corn. It should be extensible to other types of fungal infections, other mycotoxins, and other cereal crops. The preliminary model for the expert system is presented in this paper.
MATERIALS AND METHODS

Aspergillus jiavus.
An aflatoxin-producing isolate of A. fiavus NRRL 6536 from corn harvested in North Carolina (46) was cultured on a slant of potato dextrose agar for 14 days at 25°C and then freeze-dried. Conidia from cultures suspended in distilled water were used as inoculum.
Corn samples. Two different sets of corn samples were used in this study. The first was the same set of 20 kernels used previously to determine, by visual examination, FTIR-PAS spectral features that are effective in distinguishing infected from uninfected corn (12) . The individual kernels were selected from ears of a commercial corn hybrid (B73 X Mol7) grown at Union City, Tennessee, in 1993, some of which had been wound-inoculated in the field 21 days following silking with three aflatoxin-producing strains of A. fiavus. The undamaged grain had been removed following natural dry-down in the field. Ten of the 20 kernels were presumed infected since they were taken from ears of corn that had been inoculated months earlier. The other 10 were presumed uninfected since they came from ears of healthy control corn that were not inoculated. The whole kernels were examined under a high-intensity ultraviolet light (365 om) to distinguish individual BGYF kernels. Single kernels were classified by visual observation as BGYF-positive or BGYF-negative. The BGYF-positive kernels showed full kernel glowing under ultraviolet light and probably substantially exceeded the regulatory limit of 20 ppb aflatoxin. All of the BGYF tests agreed with the presumed states of infection of the kernels, i.e., there were no false-negative or false-positive BGYF test results. This set of kernels (10 infected and 10 uninfected) was tested by FTIR-PAS and designated as the baseline data set for subsequent neural network analyses.
The second set of corn samples was a more challenging set of 112 individual kernels selected from ears of an aflatoxin susceptible commercial corn hybrid (Pioneer 3379), grown at the University of illinois River Valley Sand Field, Kilbourne, illinois, in 1993, some of which had likewise been wound-inoculated with aflatoxinproducing strains of A. fiavus and removed after natural dry-down in the field. Of the 112 kernels selected, 93 were presumed infected since they were picked from inoculated ears. The remaining 19 were uninfected kernels from ears of control corn that were not inoculated. The whole kernels were similarly examined under ultraviolet light to classify individual kernels as BGYF-positive or BGYF-negative. Some BGYF-positive kernels showed weak fluo- Instrumentation. Photoacoustic spectra were measured on a KVB/Analect (Irvine, CA) model RFX-75 spectrometer that was modified for optimum photoacoustic signal generation and equipped with an MIEC (Ames, IA) model 200 photoacoustic detector. The interferometer was operated at its slowest stable scan speed of 0.05 cmfsec mirror velocity (780 Hz laser modulation frequency) and with the globar source power raised from 150 W (24 V, 6.25 A) to 290 W (28 V, 10.4 A) to maximize penetration of infrared light into the surface of the corn kernel, as well as to maximize the photoacoustic signal-to-noise ratio (11) . All spectra were acquired at 4 em-I resolution with Gaussian apodization, ratioed against a carbon black background, and signal averaged over 64 scans with no zero filling. The interferometer and sample chamber were purged with dry nitrogen to eliminate spectral interference from atmospheric CO 2 
Sample preparation for FTIR-PAS analyses. Com kernels containing 19 to 22% moisture at harvest, as received, were stored in a freezer. All kernels were tested moist after 1 h of preconditioning at room temperature. For each test a single corn kernel was placed in the photoacoustic sample cup with its endosperm side up, at an angle such that the most concave portion of the pericarp would face the infrared light source. Once sealed inside the photoacoustic cell, the sample kernel was purged with helium, an acoustically buoyant carrier gas, for 10 min to maximize the strength of the photoacoustic signal (24) . Some water vapor from the moist corn kernel remained in the sample cell after the helium purge, but nearly all of the CO 2 was removed. Because these experiments were performed with kernels contaminated with aflatoxin and live fungi, as they are found in the field, stringent safety measures were observed during testing. For example, the purge exhaust gases were sparged through a sodium hypochlorite solution (5%) to prevent release of viable A. flavus spores or aflatoxin into the laboratory air.
Spectral data processing. The photoacoustic spectra were acquired from the corn kernels in random order. All of the spectra were collected without smoothing, baseline correction, or other manipulations so that only unbiased raw data were subsequently downloaded to the computer for neural network analyses. The spectra were acquired using software provided with the spectrometer. However, the data were preprocessed for the neural network by normalizing all of the spectra to roughly the same total energy level across the spectral range. This was necessary to compensate for unpredictable variation in the photoacoustic signal due to instrument and laboratory temperature changes over time. The spectral preprocessing and neural network programming were done on an IBM 6000 workstation using the MATLAB (The MathWorks, Inc.) programming environment. The neural network pattern recognition and data visualization programs were written in their entirety by an author (Wheeler) . A model for integrating the neural network with an epidemiological expert system for mycotoxin screening was conceived and developed by an author (Schudy).
Neural network description. Artificial neural networks have gained widespread use for pattern recognition in many areas including image recognition (2, 7) and infrared spectral interpretation (3I, 49). In this study the pattern recognition was performed in neural networks modeled on the popular back-propagation learning procedure (33) . Back-propagation is an algorithm for adjusting the weights of connections in multiple-layer networks that simulate the connections between neurons in a biological neural network like the brain. The connection weights are analogous to the strengths of the synapses in the brain which change during learning.
In the neural network the artificial neuron is called a processing element or node. The nodes are organized in layers in a highly connected array (32) . There are normally three layers in the artificial neural network: an input layer, which in this work accepts the spectral data; one or more hidden layers, which can be thought of as containing the underlying variables in the learning process; and an output layer, which provides the predicted pattern. In the example neural network shown in Figure 1 there are nine nodes in the input layer, six nodes in the hidden layer, and three nodes in the output layer. Each node is normally connected to every node in adjacent layers, but connections within layers or between the input and output layers are forbidden.
Every node or processing element computes the sum of all its weighted inputs and then computes a nonlinear transformation on this sum, which it sends as output to all of the nodes in the next layer. The total of the weighted inputs Xj to node j is the sum of the 
RESULTS
Program development. An integrated computer software system was developed that consists of three programs: (1) a visual feature extraction program which displays and filters the FI1R-PAS spectra, (2) a database prograrn that saves extracted features for recall and use by the neural network, and (3) a neural network diagnostic and feature verification program that allows the user to train a neural network with input from the database. The integrated system was designed such that the human "teacher" has essentially the same view of the data as the neural network training program. This is important as it assists the researcher in gaining insight into the pattern recognition process. The neural network program takes the pertinent irtformation from a database file and tests or trains a back-propagation pattern recognition algorithm. A three-layer network with one input unit feature, a single output, and either 10 or 20 hidden units was trained for 10,000 iterations. Test data evaluation was done with the "leave one out" method, wherein the neural network was trained on all except one sample and evaluated on the classification of the left-out sample, and the process repeated until each sample had been the test sample. Inputs to the network are feature values normalized to the interval [-1, 1]. Outputs range from zero (not irtfected) to one (irtfected) and are displayed for each sample along with the percentage of samples correctly classified, incorrectly classified, and inconclusively classified. The inconclusively classified samples were those whose outputs fell in a user-selectable midrange (e.g., 0.4 to 0.6). The displayed summary results include network error, learning rates, the neural net outputs for each of the samples in the training and test data set, and the percentage of correctly classified samples.
The transformation is computed by node j using a nonlinear transfer function. A cornmon nonlinear transfer function is the following sigmoid function.
where p is an index over the number of observations, Y is the actual output from node j, and d is the desired or target output. E is minimized by adjusting all of the connection weights sequentially using a gradient descent algorithm which computes the partial derivatives of the error with respect to each weight in the network.
When multiple nodes are used in the output layer, the architecture of the neural network is suitable for learning to discriminate discrete classes of materials rather than continuous variables. Multiple-output-node architectures have been used to classify sugars into one of six classes based on lH-NMR data (42) .
Therefore, the multiple-output-node layers used in the present work could reliably be employed to model three output classifications of corn as irtfected, not irtfected, and questionable. More in-depth
As is presumed to be the case with biological neural processes, the aim of the network is to find a set of connection weights which ensure that for each input pattern presented to the network the output pattern produced by the network is precisely the desired output. The network "learns" by adjusting the connection weights in response to the error, the size of the difference between its actual output and the desired output. During the learning phase a series of spectral patterns are input to the network in an iterative fashion, together with their corresponding expected output patterns (or classifications), while the weights are adjusted. This training process is repeated until the actual output is sufficiently close to the desired output. In the back-propagation algorithm the total meansquare error in the output is minimized. The total error E generated by the network at each iteration with a particular set of connection weights is defined as
Spectral feature extraction. The spectral features inelude the biochemically interpretable differences in photoacoustic spectra of infected and uninfected corn that were identified in the earlier study (12) . These features, which were supported by corresponding differences between FI1R-PAS spectra of isolated A. flavus and uninfected corn ( Figure  2) , and which proved to be very robust for distinguishing highly infected from uninfected corn, are summarized below and denoted in Figure 3 . Computer algorithms were devised and implemented to compute these features from the preprocessed spectral data. This presented an exceptional chal- lenge for some features, since the mathematical functions and equations required to simulate visually perceived patterns were not always obvious.
The following sections are cursory reviews of the 12 FTIR-PAS spectral features that proved useful in discriminating between infected and uninfected corn samples. The knowledge of fungal metabolism and spectroscopy that was used to define these features was reported earlier (12) . Since the last two features listed (features 11 and 12) were discovered serendipitously while using the neural net, their motivation is post hoc. Mathematical algorithms devised to implement the features are discussed here. Most of the features are described as changes in the shape, appearance, or temporal evolution of particular spectral bands.
1. Hydroxyl-amine peak shift. The increased protein content from fungal growth on infected corn caused the peak composed of overlapping OR and NH z bands (from 3400 to 3360 cm-i ) to shift to lower wavenumber toward the NH z band. This feature was defined as the location of the peak of the spectrum in the range from 3520 to 3200 em-I. Since the spectrum has been subjected to a low pass filter, this is equivalent to convolving an archetypical peak with the data and finding the location of the maximum.
Methylene peak ratio.
The ratio of two methylene bands (at 2853 and 2923 cm-i ) appeared to be a measure of the level of infection in most samples. Previous studies showed that this ratio, which is related to aliphatic structures in the fungus, increased as the level of fungal contamination in the corn increased (15, 16, 43) . This feature was computed simply as the ratio of the two peak heights. The ratio acts to normalize the data. If the data had not been smoothed and, as occurs in some spectra, high frequency noise obscured the peaks, the effect of the noise could be reduced by computing the average slope over the whole methylene region.
Carboxyl band elevation.
A pronounced elevation in the entire range of FITR-PAS spectral absorbances from 3200 to 2200 cm-1 was typical in highly infected corn. A possible explanation of the increase in the photoacoustic signal across this wide range may be the increased concentrations of hydrogen-bonded COOR groups from amino acid --Infected --Uninfected 3400 3000 2600 2200 1800 1400 1000
Wavenumber (cm-1 ) 600 formation. Other explanations, including morphology changes on the kernel surface, have been suggested in earlier reports (l0, 14) . This feature was computed as the mean (root mean square) of the spectrum between 3520 and 3200 cm-i . Normalization is necessary, either as done in the preprocessing step or with a factor derived from elsewhere in the spectrum, such as the carbohydrate fingerprint region, to give a ratio of the band height in the COOR region to the band height elsewhere.
Amine peak increase.
A small peak at 2490 cm-i, that may be evidence of increased amino acid or amine salt concentration on the surface of kernels, appeared in spectra of most infected corn. This feature was extracted by simply normalizing the spectra to a baseline between the two valleys on either side of the amine peak and measuring the peak height.
Carbon dioxide evolution.
The presence of fungi growing on corn kernels was indicated by the increased rate of COz evolution from infected kernels due to fungal respiration. COz was measured from its absorbance band at 2366 em-i. To compute this feature in the baseline data set, a series of spectra were acquired over several 20-min time intervals as CO 2 accumulated inside the sealed photoacoustic cell. COz absorbances were plotted against elapsed times from completion of the helium purge, and the COz evolution rates (slopes of the plots) were computed by linear regression. Because fungal metabolism and COz evolution were strongly dependent upon moisture levels in the corn kernels, the slopes were normalized to the maximum water vapor absorbance detected in the photoacoustic cell. In the challenging data set this feature was computed from a single CO 2 absorbance measurement after a preset 20-min acquisition time.
It is important to note that COz can appear in corn from extraneous sources. Also, it is known that A. jlavus can lay dormant in corn containing less than 13% moisture, and fungal colonization and growth on stored corn requires at least 16 to 17.5% moisture (22, 34, 38) . As reported earlier (12) , there is no information describing a specific threshold moisture level required for fungal growth in grain that is infected prior to storage. Additionally, some CO 2 is released from cellular respiration in the com germ itself via enzymatic glycolysis and decarboxylation of keto acids formed as intermediates in the Krebs citric acid cycle (21, 44) . The rate of CO 2 evolution from germ metabolism was observed to be variable and to continue when kernels were surface sterilized by passing ethylene oxide gas into the photoacoustic cell (unpublished data). Therefore, this extracted feature can be relied upon only to support or confirm other more robust discriminants given to the neural network.
Carbonyl peak decrease.
For most spectra of infected corn the carbonyl peak at 1746 cm-1 decreased relative to uninfected corn, probably as a result of lipid consumption by the fungus. This feature was easily calculated as the ratio of the carbonyl peak to its baseline point at 1840cm-1 • % correctly classified maximum height above the carbonyl peak baseline at 1840 em-I.
TABLE 2. FTIR-PAS features for distinguishing infected from uninfected com by artificial neural network pattern recognition
Neural network analyses. The above features and extraction techniques were tested in the neural network to determine which features were most effective for distinguishing infected from uninfected com. Eight of the features found to be most useful by the neural network are listed in Table 2 . Since the com samples from the baseline data set were highly infected, the chosen features taken individually classify almost all of the baseline data set correctly. This makes classification of com samples as infected or not infected very easy for the neural network. By combining individual features, the neural network was able to correctly classify all samples of both the training and test data partitions of the baseline data set.
Results from the challenging data set indicate that individual features are insufficient for discriminating between the two alternatives. For most of the features, the means of the two classes lie within 1.5 standard errors of each other, with many samples lying near the optimal threshold. However, when the combination of the eight features in Table 2 was used for the challenging data set, the neural network correctly classified all of the samples in the training data set, while 94% of the test data samples (89/93 infected and 16/19 not infected) were correctly classified. This contrasts with 88% of the samples (79/93 infected and 19/19 not infected) correctly classified by the BGYF test, as indicated in Table 1 .
Expressed in terms of possible false-positive and falsenegative test outcomes, the data are decidedly more revealing. This is evident in Table 3 , which compares the neural network FTIR-PAS analyses with BGYF tests for each of four possible outcomes-true positive, false positive, true negative, and false negative-relative to known inoculated and control com samples. It is shown that the neural network 7. Amide IT peak increase. The protein band at 1550 cm-I (amide II) increases with fungal growth on infected com. This band was used instead of the larger amide I band of protein because it is not obscured by nearby water vapor peaks which straddle this region of the photoacoustic spectrum. This feature was computed as a ratio of the band at 1551 cm-I to the band at 1502 em-I. Other bands at 1536, 1566, and 1583 cm-I could also be used to compute the amide II increase in the spectra of infected com.
Ester peak shift.
Most spectra of infected com showed a peak at 1240 cm-I that was shifted from 1256 cm-I in uninfected com. This shift may be related to ester formation in fungal metabolism, as esters in fungi differ structurally from esters in com. An algorithm that determined the position of the peak maximum was used to compute this feature.
9. Carbohydrate peak decrease. Evidence of decreased carbohydrate concentration appeared as a general lowering of peak heights across the fingerprint region of spectra of infected corn, relative to the hydroxyl band at 3400 em-I. Also, the height of the peak at 1060 em-1 above the valley at 929 cm-I appeared slightly diminished in spectra of infected kernels. These features were computed by dividing the heights of peaks in the 1240 to 1060 cm-I range by the height of the broad hydroxyl band at 3400 cm-I using the baseline point at 929 em-1.
Carbohydrate peak sharpening.
In most spectra of the highly infected com in the baseline data set the profile of the maximum carbohydrate peak centered at 1060 em-1 in the fingerprint region appeared more sharp (less rounded) than in spectra of uninfected com. This was as expected, since the carbohydrate peak in the fungus itself is much more sharp than in com (Figures 1 and 2 ). This feature is computed by identifying the peak near 1060 em-1 and the adjacent valleys, then computing the width at half height between the peaks and valleys.
11. Amine-carboxyl peak shift. One spectral feature, which was discovered serendipitously, is a shift in the high wavenumber (left) side of the combined NH z and COOH peak, measured near mid-height. No biochemical rationale has been proposed for this empirical feature. The feature was extracted by first finding the depth of the valley centered at 3000 em-I, and then finding the wavenumber with equal absorbance on the left side of the peak centered at 3400 em-1. The resulting wavenumber shift is doubly sensitive to fungal infection, due to the more shallow valley (feature 3) plus the rightward peak shift (feature 1) with infection.
Carbonyl shoulder height.
It was also discovered serendipitously that the height of a shoulder at 1725 em-Ion the high wavenumber side of the carbonyl peak was related to fungal infection in com. Elevation of the shoulder is an empirical feature for which no biochemical rationale has been proposed. This feature was extracted by digital subtraction of water vapor peaks that obscured the carbonyl peak to expose the shoulder which was then measured at its TABLE 
Comparison ofneural network FTIR-PAS analyses with BGYF tests for detection ofAspergillus flavus infection in com
The above sections describe the development of the integrated FTIR-PAS feature extraction techniques and neural network algorithms that constitute the first phase of this research approach. FTIR-PAS measures the level of fungal infection, rather than the level of mycotoxins, because the mycotoxin concentrations of interest and concern are too low to be detected using infrared spectral data However, epidemiological knowledge can be used to infer the level of mycotoxins from the level of fungal infection. Therefore, the second phase of this approach, the use of epidemiological knowledge about the origin and history of the corn to identify risks of mycotoxin contamination, is presently underway at this laboratory.
correctly identified 96% (89/93) of the infected kernels as true positives and misclassified only 4% as false negatives. In contrast, the BGYF test correctly identified 85% (79/93) of the infected kernels as true positives but misclassified 15% (14/93) as false negatives. It is also shown in Table 3 that the neural network FTIR-PAS analysis correctly found 84% (16/19) of the control kernels uninfected as true negatives and 16% (3/19) as false positives, while the BGYF test gave no false-positive results for these samples. Although the BGYF test misclassified 14 of the 93 infected kernels, 2 infected kernels which were missed by the neural network test were not missed by the BGYF test. Interestingly, 1 kernel was false negative by both tests. It was noted from the catalogued appearances of kernels that the 3 kernels which were classified as false negatives by the neural network were dark or discolored in the germ, while the 4 false-positive kernels were not discolored or visibly flawed (Table 1) .
Here it should be explained that the 14 infected kernels which were misclassified by the BGYF test were among 93 infected kernels which had been stored in a freezer for several months before testing. During that time the 14 kernels lost their BGYF activity. Fluorescence is known to disappear in some infected kernels during prolonged storage, as kojic acid likely decomposes, resulting in falsenegative BGYF tests (D. T. Wicklow, personal communication). All of the 93 infected kernels tested BGYF-positive before storage. Therefore, it is important to note, the neural network correctly identified 14 infected kernels where the BGYF glow had disappeared.
These tests and observations suggest that the neural network FTIR-PAS technique is very effective and apparently more reliable than the BGYF test for detecting the levels of infection in these challenging samples. Yet it is clear from Table 3 that additional information is needed for complete reliability and success in this analysis. True  False  True  False  positive  negative  negative  positive   85%  15%  100%  0%  96% 4% 84% 16%
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Mycotoxin screening system. A computational model of the factors that influence the formation of mycotoxins is being developed, with the expectation that this model can be embedded in a software system that accepts information about the corn crop and determines the likely fungal infections and mycotoxin levels. The preliminary design of an integrated mycotoxin screening system containing a four-stage epidemiological model is illustrated in Figure 4 .
This preliminary design recognizes that epidemiological information processing is complementary to measurements such as BGYF and FTIR-PAS. For example, the BGYF test is not useful for mycotoxigenic fungi other than A. fiavus, and the interpretation of FTIR-PAS measurements may depend on the variety of corn, as well as the fungal species present. In the design, the results from the FTIR-PAS and other tests are fed back to the area that computes the risks and to the area that analyzes the testing needs. In this way the epidemiological model can be adapted to the particular mycotoxin risks of the crops that are arriving at the screening location. For example, a farmer whose crop is at risk of aflatoxins may have BGYF and FTIR-PAS tests performed before his first truckload is accepted at the elevator. The results of these tests would be interpreted using knowledge of the epidemiology of A. fiavus infections to then determine whether aflatoxin contamination is likely and further aflatoxin ELISA tests are required.
It is important that the mycotoxin screening system be easy and inexpensive to use. Ideally, routine use of the system may be as simple as a swipe from a card that identifies the farmer and crop, a quick display of the test recommendations, and perhaps the printing of some labels for test samples. It is also important that the system provide the opportunity for expert human judgment and human control, both to expedite the process and to handle extraordinary situations. For example, an elevator operator may wish to delay a truckload of corn pending detailed tests, because the operator's experience and senses (visible discoloration, flaws, and odors) suggest that the grain may be moldy. Thus, the mycotoxin screening system will complement rather than replace human judgment, providing consistent, repeatable performance and automatic data management.
The preliminary design of the mycotoxin screening system shown in Figure 4 includes four main stagesepidemiological analysis, analysis of testing needs, testing, and analysis of test results. Results of the tests are fed back into the system in two places. The Analysis ofTesting Needs functional area uses the testing results to determine whether additional tests are needed. The Epidemiological Analysis area uses the test results to fine-tune the parameters of the epidemiological model to the mycotoxin and fungal levels that are occurring in the particular region, season, and crops where the system is being used. A module to analyze the results of each of the tests is included in the design. The FTIR-PAS analysis module includes the neural network pattern recognition program already described above. The screening system design also includes a module that presents the results of the analysis to the user, via a window in the computer display. This approach allows the human operator to examine the results of the processing, including the 
CONCLUSIONS
The primary goal of this study was to integrate photoacoustic infrared spectroscopy and neural network pattern recognition techniques to achieve automated diagnosis of fungal infection in corn. The methods and technology used fungi and of mycotoxins. The processing stages are depicted by rounded rectangles, and the results of the processin er are indicated by large arrows. The model has four stages: '" 1. The first stage models the presence of relevant funci .
'" m the field environment; key factors include the agricultural province, geographic distribution of fungal varieties, crop rotation, tillage, and overwinter weather. 2. The second stage models the infection processes that carry the fungus into the corn husk; key factors include the susceptibility of corn varieties to infection, insect vectors, damage due to insects and birds, and weather.
3. The third stage models the growth of the fungus in the field and the development of toxins; key factors include plant stress, such as drought and nutrient stress, moisture and temperature, crowding, and competition from different fungal species. Nearly all conditions that are less than optimal for crop production also increase the time required to reach maturity, thereby lengthening the time of exposure to the fungal infection and mycotoxin fonnation (47).
4. The fourth stage models the growing conditions for the fungus and development of toxins after harvest; key factors include harvesting and drying methods, kernel damage, storage conditions, and storage time.
This architecture was designed with several goals in mind. One of the most important is that the model is based on the sequence of physical processes that lead to mycotoxin fonnation. This means that an understanding of the fundamental processes of mycotoxigenesis can be used to develop and improve the model. Another property of the model is that the intennediate results are experimentally observable entities. These observable intennediaries are the levels of mycotoxigenic fungi in the field, the level of infection of the crop during the growing season, the level of mycotoxins at harvest, and the level of mycotoxins at the grain elevator. This is important, because it makes it much easier to validate the overall computational model and to understand its weaknesses and strengths. It also makes it easier to develop, debug, and maintain the model. For example, if the model correctly predicts the levels of infection but incorrectly predicts the levels of mycotoxins at harvest, then the problem lies within the Growth module.
The foregoing sections describe the overall design of the mycotoxin screening system and the epidemiological subsystem that comprise the knowledge-based phase of this research approach. Figures 4 and 5 represent the preliminary designs of the top and bottom levels of an expert system software package for screening foods and feeds such as corn and peanuts for mycotoxins in off-farm locations such as grain elevators. More detailed descriptions of the epidemiological knowledge base, and the manner in which the measured data are processed using the knowledge and rules incorporated into a forward-and backward-chaining inference engine, will be the subject of a separate report. Expert system model. At the heart of the mycotoxin screening system is an epidemiological analysis subsystem illustrated in Figure 5 . Dozens of factors are known to influence the growth of mycotoxigenic fungi and the development of mycotoxins, such as plant stress, weather, insect vectors, and handling and storage conditions (45, 47) . As a result, the distribution of mycotoxins is very nonunifonn. This suggests that knowledge of the epidemiology of funeral infections and mycotoxin fonnation can be integrated~to an expert system that can predict the kinds of fungal infections and the likely concentrations of mycotoxins that may be present. The data inputs for this system, which are readily available from the farmer and elevator operator, include the variety of corn, the geographic location where the corn was raised, the moisture content of the grain, the general condition of the grain, and the storage conditions. An initial analysis of a corn sample by this system would determine the fungal species which may be present, and determine which additional tests, if any, are required.
Analysis of test results
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To build a reliable epidemiological analysis system, an infonnation processing model, or architecture, is needed that organizes these factors and combines the evidence from the different factors to produce estimates of the mycotoxin risks. The epidemiological analysis subsystem in Figure 5 is such an infonnation processing model. This architecture is based on a model of the stages of development of mycotoxigenic in this study allowed detection of fungal infection in whole corn kernels which were infected and dried in the field. Spectral features were identified that are biochemically interpretable as resulting from the metabolic effects of fungal growth on the corn, and algorithms were developed to extract these features from the spectra Although the current study was based on spectra of corn infected with A. fiavus, there is reason to believe that other fungal infections may share many of the particular spectral features identified. A neural network was developed and trained to combine these features to determine whether test corn kernels were infected with A. fiavus.
The results of the first phase of this research show that neural network analyses of FTIR-PAS spectra of corn kernels can be used to recognize the syndrome of spectral features caused by fungal infection by A. fiavus. However, these results provide no evidence as to whether the neural network FTIR-PAS technique can differentiate among infections caused by particular fungal species. This question is the subject of future research. Nevertheless, it is expected that integration of epidemiological knowledge into the analysis of infrared spectra will improve the discrimination performance and provide much of the desired specificity.
Hence the second phase of this research will be to further develop and test a hierarchically organized expert system that uses information about crop history, grain storage and appearance, odors, and other attributes of the crop, together with knowledge of fungal epidemiology. This system would be able to quantify the risks of specific fungal diseases in grain even when the analytical test results are inconclusive or absent. It would also be a valuable screening tool for plant pathologists and geneticists breeding com lines that fend off A. fiavus. The present results in spectral feature extraction, together with the forecasting power of epidemiology, suggest that as rapid new technologies like transient infrared spectroscopy (18, 19, 20) mature for on-line analysis of grain, knowledge-based neural network expert systems will promise to playa very significant role in solving a problem of substantial importance to human health and economic well-being.
